In order to further investigate the influence of ensemble generation methods on the storm-scale ensemble forecast (SSEF) system, a new ensemble sensitivity analysis-based ensemble transform with 3D rescaling (ET_3DR_ESA) method was developed. The Weather Research and Forecasting (WRF) Model was used to numerically simulate a squall line that occurred in the Jianghuai region in China on 12 July 2014. In this study, initial perturbations were generated via ET_3DR_ESA, and the ensemble forecast performance was compared to that of the dynamical downscaling (Down) method and the ensemble transform with 3D rescaling (ET_3DR) method. Results from a set of experiments indicate that ET_3DR_ESA linked to multi-scale environmental fields generates initial perturbations that can not only capture analysis uncertainties, but also match the actual synoptic conditions. Such perturbations produce faster ensemble spread growth, lower root-mean-square error, and a lower percentage of outliers, especially during the peak period of the squall line. In addition, ET_3DR_ESA can effectively reduce the energy dissipation on different scales through the analysis of the power spectrum. Moreover, the intensity and distribution forecasts of heavy rainfall from the ET_3DR_ESA ensemble forecast system were demonstrated to better match the observation. Furthermore, according to results of the relative operating characteristic (ROC) test, Brier score (BS), and equitable threat score (ETS), ET_3DR_ESA significantly improved the forecast skills for heavy rain (15-30 mm/12 h) and extreme rain (>30 mm/12 h), which are critical to the realization of accurate storm-scale system precipitation forecasts. In general, these results suggest that ET_3DR_ESA can be effectively applied to SSEF systems.
Introduction
Ensemble forecasting, which is an effective method to estimate forecast uncertainties, can achieve higher numerical forecast skill than deterministic forecasts [1] . To date, global medium-range ensemble forecast (forecast time: 3-15 d, horizontal resolution: 30-100 km) [2, 3] and regional short-range ensemble forecast techniques (forecast time: 1-3 d, horizontal resolution: 10-20 km) [4] have been relatively effective. However, because of the short life history, small spatial scale, and complex three-dimensional structure of storm-scale systems [5] , their error growth mode is quite different from that of large-scale and meso-scale systems. Therefore, the development of a reasonable and effective storm-scale ensemble forecast (SSEF) system (forecast time: less than 1 d, horizontal resolution:
we performed a set of experiments on a squall line that occurred in the Jianghuai region of China by using the Weather Research and Forecasting (WRF) model to compare the results of Down, ET_3DR, and ET_3DR_ESA.
Data and Methods

Experimental Design
A squall line occurred in the Jianghuai region of China from 0300 UTC to 1200 UTC on 12 July 2014, and reached its peak in southern Anhui at 0800 UTC, with a maximum radar reflectivity of 55 dBZ. Up until 1200 UTC, the squall line convection zone weakened to form stratiform clouds. The movement of the precipitation zone corresponded well with that of the squall line convection system. The 12-h accumulated precipitation that was present from 0000 UTC to 1200 UTC was mainly distributed from east to west, and the precipitation center located in southern Anhui and southern Jiangsu reported the maximum precipitation to be close to 70 mm.
We performed three experiments (Table 1) to evaluate the impact of ET_3DR_ESA on a SSEF system, and its advantages over Down and ET_3DR. In this study, Down was purposed to directly interpolate the NCEP global ensemble forecast perturbations into the inner domain as initial perturbations. In addition, in order to qualitatively compare the three methods, perturbations were only added to the inner domain; thus, lateral boundary and model perturbations were not introduced into the experiments. In each experiment, the WRF model (WRF 3.9.1.1) was applied to data spanning 0000 UTC through 1200 UTC on 12 July 2014. The nested model domain had 34 levels in the vertical direction. The inner domain (i.e., the analysis domain) had 4-km horizontal grid spacing and 168 × 168 grid points, covering the entire Jianghuai region (see Figure 2) ; the outer domain was assigned 12-km horizontal grid spacing and 160 × 160 grid points. Moreover, the following physical parameterizations were applied: the WSM5 microphysical scheme [25] , the YSU PBL physics scheme [26] , the RRTM longwave radiation scheme [27] , the Dudhia shortwave radiation scheme [28] , and the Kain-Fritsch cumulus parameterization scheme [29] (only used in the outer domain).
The initial and lateral boundary conditions were determined based on the global 1 • × 1 • NCEP FNL reanalysis data, with NCEP 20-member global 0.5 • × 0.5 • ensemble forecast data implemented as the initial perturbations of the inner domain for each experiment. NCEP operational 80-member hybrid 3D-Var/EnKF data assimilation system data were used to update perturbations in ET_3DR and ET_3DR_ESA. In addition, the hourly 0.1 • × 0.1 • real-time precipitation blending data from the National Meteorological Information Center (China) were employed as the observed precipitation data.
ET_3DR_ESA Method
In the ET_3DR scheme [8] , the analysis perturbations matrix X a is generated from the forecast perturbations matrix X f via a transformation matrix T, as follows:
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As shown in Wei et al. [11] , the transformation matrix T is calculated as follows:
matrix C contains the orthonormal eigenvectors of the matrix [1/(n − 1)](X f ) T (P a ) −1 X f , and matrix Γ contains the corresponding eigenvalues, where n represents the ensemble size. From Wei et al. [11] , we know that the first n − 1 eigenvalues are nonzero, whereas the last eigenvalue is zero, and its associated eigenvector is a constant. Thus, a diagonal matrix contains the corresponding eigenvalues, where n represents the ensemble size. From Wei et al. [11] , we know that the first − 1 eigenvalues are nonzero, whereas the last eigenvalue is zero, and its associated eigenvector is a constant. Thus, a diagonal matrix Ғ is defined by setting the last eigenvalue in to equal a nonzero constant α. The diagonal matrix contains the analysis error variances.
After the transformation, all perturbations are orthogonal, but not centered. In order to re-center the initial perturbations around the analysis field to improve the performance of the ensemble mean, we need to perform a simplex transformation with on all analysis perturbations, as follows:
To ensure that the initial spread distribution is similar to the analysis error variance, we impose a regional rescaling process; this means that will be rescaled by using a rescaling factor , which is given as
where pertb is the square root of the total energy norm from , and the mask denotes the root-meansquare of the total energy norm computed from the NCEP operational 80-member hybrid 3D-Var/EnKF data assimilation system. According to Equation (4), the mask will only suppress the amplitude of perturbations, and not increase it.
As discussed in Section 1, in consideration of the complexity of storm-scale systems, ESA is used to establish the statistical relationship between convective forecasts and the environmental fields before convection. Ancell et al. [30] proposed that, for a chosen model forecast variable R, its ensemble sensitivity (ES) to the model state variable x at an earlier time can be defined as
where cov and var denote the covariance and variance of the given variables, respectively, and measure the linear relationship between two variables and the analysis spread of x relative to the ensemble mean. In this study, we employed ESA to control ET_3DR-generated perturbations in order to obtain the initial perturbations of ET_3DR_ESA. The control process entailed multiplying the analysis perturbations obtained via ET_3DR with the ES (subsequent to passing a 0.05-level significance test) after standardization. A schematic diagram of the ET_3DR_ESA ensemble forecast system is shown in Figure 1 . The experiment cycled for three days, from 0000 UTC on 9 July 2014 to 0000 UTC on 12 July 2014, and the perturbation variables and model state variables were selected as temperature T, zonal wind U, radial wind V, and water vapor mixing ratio Q. The perturbations at the initial time were obtained from NCEP 20-member global 0.5° × 0.5° ensemble forecast data, and then implemented in a 6-h forecast simulation for the 20 members to obtain the 9 July 0600 UTC forecast perturbations. The perturbations were subsequently updated every six hours by using ET_3DR_ESA. At 0000 UTC on 12 July 2014, the ultimate analysis perturbations were incorporated into the initial conditions for a 12-h ensemble forecast experiment.
is defined by setting the last eigenvalue in Γ to equal a nonzero constant α. The diagonal matrix P a contains the analysis error variances.
After the transformation, all perturbations are orthogonal, but not centered. In order to re-center the initial perturbations around the analysis field to improve the performance of the ensemble mean, we need to perform a simplex transformation with C T on all analysis perturbations, as follows:
To ensure that the initial spread distribution is similar to the analysis error variance, we impose a regional rescaling process; this means that X a will be rescaled by using a rescaling factor γ, which is given as γ = mask/pertb, i f mask < pertb
where pertb is the square root of the total energy norm from X a , and the mask denotes the root-mean-square of the total energy norm computed from the NCEP operational 80-member hybrid 3D-Var/EnKF data assimilation system. According to Equation (4), the mask will only suppress the amplitude of perturbations, and not increase it.
where cov and var denote the covariance and variance of the given variables, respectively, and measure the linear relationship between two variables and the analysis spread of x relative to the ensemble mean. In this study, we employed ESA to control ET_3DR-generated perturbations in order to obtain the initial perturbations of ET_3DR_ESA. The control process entailed multiplying the analysis perturbations obtained via ET_3DR with the ES (subsequent to passing a 0.05-level significance test) after standardization. A schematic diagram of the ET_3DR_ESA ensemble forecast system is shown in Figure 1 . The experiment cycled for three days, from 0000 UTC on 9 July 2014 to 0000 UTC on 12 July 2014, and the perturbation variables and model state variables were selected as temperature T, zonal wind U, radial wind V, and water vapor mixing ratio Q. The perturbations at the initial time were obtained from NCEP 20-member global 0.5 • × 0.5 • ensemble forecast data, and then implemented in a 6-h forecast simulation for the 20 members to obtain the 9 July 0600 UTC forecast perturbations. The perturbations were subsequently updated every six hours by using ET_3DR_ESA. At 0000 UTC on 12 July 2014, the ultimate analysis perturbations were incorporated into the initial conditions for a 12-h ensemble forecast experiment. 
Results
General Nature of Convective Ensemble Sensitivity
In order to avoid spurious correlations and to accurately reflect the linear relationship between forecast variables and state variables, before the 12-h ensemble forecast, the inspection of ensemble sensitivity was applied to the squall line by using the forecast variable R that was defined as the accumulated precipitation from 0000 UTC to 0300 UTC on 12 July 2014, (i.e., before the squall line occurred) over the response region indicated in Figure 2 by a black rectangle. As shown in Figure 2 , most of the heavy precipitation and the majority of the large spread region are located in central Anhui. This shows that there are significant differences between ensemble members in the heavy precipitation region; this information is important in precipitation forecasts. The general nature and reliability of ensemble sensitivity for this squall line process can be analyzed via sensitivity fields and environmental fields. This analysis enables inspection of the thermodynamic sensitivity, which provides information about relatively small-scale features while also maintaining a relationship with the synoptic-scale features [21] . The synoptic-scale circulation patterns are shown in Figure 3a ,b. Before the occurrence of the squall line, the Jianghuai region was located to the south of a 200-hPa upper jet stream, and in front of a deep 500-hPa upper trough. Also during this time, the subtropical high shifted to 35 °N, and a large amount of warm-wet air was transported to the Jianghuai region; additionally, there was a strong 850-hPa trough. The wind on 
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In order to avoid spurious correlations and to accurately reflect the linear relationship between forecast variables and state variables, before the 12-h ensemble forecast, the inspection of ensemble sensitivity was applied to the squall line by using the forecast variable R that was defined as the accumulated precipitation from 0000 UTC to 0300 UTC on 12 July 2014, (i.e., before the squall line occurred) over the response region indicated in Figure 2 by a black rectangle. As shown in Figure 2 , most of the heavy precipitation and the majority of the large spread region are located in central Anhui. This shows that there are significant differences between ensemble members in the heavy precipitation region; this information is important in precipitation forecasts. The general nature and reliability of ensemble sensitivity for this squall line process can be analyzed via sensitivity fields and environmental fields. This analysis enables inspection of the thermodynamic sensitivity, which provides information about relatively small-scale features while also maintaining a relationship with the synoptic-scale features [21] . The synoptic-scale circulation patterns are shown in Figure 3a ,b. Before the occurrence of the squall line, the Jianghuai region was located to the south of a 200-hPa upper jet stream, and in front of a deep 500-hPa upper trough. Also during this time, the subtropical high shifted to 35 °N, and a large amount of warm-wet air was transported to the Jianghuai region; additionally, there was a strong 850-hPa trough. The wind on The general nature and reliability of ensemble sensitivity for this squall line process can be analyzed via sensitivity fields and environmental fields. This analysis enables inspection of the thermodynamic sensitivity, which provides information about relatively small-scale features while also maintaining a relationship with the synoptic-scale features [21] . The synoptic-scale circulation patterns are shown in Figure 3a ,b. Before the occurrence of the squall line, the Jianghuai region was located to the south of a 200-hPa upper jet stream, and in front of a deep 500-hPa upper trough. Also during this time, the subtropical high shifted to 35 • N, and a large amount of warm-wet air was transported to the Jianghuai region; additionally, there was a strong 850-hPa trough. The wind on the north side of the trough was weak, and that on the south side was strong; these conditions were conducive to the precipitation and accumulation of warm-wet air in the Jianghuai region.
The sensitivity of the forecast variable R to 500-hPa and 850-hPa temperature highlights a number of features (Figure 3c,d ). The first is the positive sensitivity in the response region at 500 hPa, which indicates a relatively warmer temperature in this region that is related to more precipitation during this time. Because of the large amount of precipitation in the response region, this feature is interpreted as the relationship between R and the variables that it affects. Another prominent feature is a highly negative sensitivity area over the Jianghuai region at 500 hPa; this area corresponds to the strong cold trough in western Jiangsu and the weak cold trough in southern Jiangsu. This feature suggests that the relatively colder temperature there positively contributes to the precipitation in the response area. The significant positive sensitivity surrounding the response region at 850 hPa indicates that the relatively warmer temperature caused by warm-wet air contributes to precipitation; this feature is identical to that of 850-hPa synoptic-scale circulation patterns.
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Through the analysis of thermodynamic and moisture sensitivities, it has been found that the features of ESA in finer-scale information and linkages to the synoptic-scale facilitate a better understanding of the sensitivity of a precipitation forecast to the state variables, implying that it is meaningful to apply ESA to control initial perturbations.
Quantitative Evaluation of the Ensemble Forecasts
In an ideal ensemble forecast system, the relationship between the growth rate of initial perturbations and the forecast error should not change [31] . The ensemble spread, which measures the deviation of ensemble members from the ensemble mean, is the method used to evaluate the growth rate of perturbations.
Figure 5a-c shows the 850-hPa T, U, and V ensemble spreads for each of the three representative experiments (Down, ET_3DR, and ET_3DR_ESA). Prior to the occurrence of the squall line (forecast time: 0-3 h), the Down spread containing only large-scale perturbations was larger than that of the other two experiments. However, during the developmental period (forecast time: 4-6 h) and peak period (forecast time: 7-9 h), the ET_3DR_ESA and ET_3DR spreads exceeded the corresponding Down spreads, exhibiting fast growth throughout the forecast time; during these two periods, the corresponding Down spreads began to decrease. In addition, the ET_3DR ESA spread grew faster and covered a larger area than the ET_3DR spread; this was particularly evident during the peak period of the squall line. The superior performance of ET_3DR_ESA is attributed to the multi-scale interaction in ESA that enables a more accurate reflection of the growth of initial errors.
The ensemble spread is merely a statistic to test the differences among the ensemble members. Thus, the root-mean-square error (RMSE) must be used to measure the distance between forecasts and analyses [32] . The NCEP reanalysis data mentioned before is used as analyses for verification when computing the RMSE. The RMSE values for the three representative experiments confirm that the features are similar to those of the corresponding ensemble spreads (Figure 5d-f) .
features
In an ideal ensemble forecast system, the relationship between the growth rate of initial perturbations and the forecast error should not change [31] . The ensemble spread, which measures the deviation of ensemble members from the ensemble mean, is the method used to evaluate the growth rate of perturbations. Figure 5a -c shows the 850-hPa T, U, and V ensemble spreads for each of the three representative experiments (Down, ET_3DR, and ET_3DR_ESA). Prior to the occurrence of the squall line (forecast time: 0-3 h), the Down spread containing only large-scale perturbations was larger than that of the other two experiments. However, during the developmental period (forecast time: 4-6 h) and peak period (forecast time: 7-9 h), the ET_3DR_ESA and ET_3DR spreads exceeded the corresponding Down spreads, exhibiting fast growth throughout the forecast time; during these two periods, the corresponding Down spreads began to decrease. In addition, the ET_3DR ESA spread grew faster and covered a larger area than the ET_3DR spread; this was particularly evident during the peak period of the squall line. The superior performance of ET_3DR_ESA is attributed to the multi-scale interaction in ESA that enables a more accurate reflection of the growth of initial errors.
Before the occurrence of the squall line, the RMSEs of the three experiments are comparable. However, as the squall line developed, the RMSE of ET_3DR_ESA was found to be the smallest, and that of Down was the largest; the difference is particularly prominent during the peak period of the squall line. This feature suggests that ET_3DR_ESA has the best forecast performance, and that it can realize the same conclusions as the ensemble spread. Additionally, unlike the RSME values for U and V, the RMSEs of T for all three experiments fluctuated as the squall line developed. This implies that the squall line is relatively sensitive to temperature; this feature agrees with the previous sensitivity analysis results. Before the occurrence of the squall line, the RMSEs of the three experiments are comparable. However, as the squall line developed, the RMSE of ET_3DR_ESA was found to be the smallest, and that of Down was the largest; the difference is particularly prominent during the peak period of the squall line. This feature suggests that ET_3DR_ESA has the best forecast performance, and that it can realize the same conclusions as the ensemble spread. Additionally, unlike the RSME values for U and V, the RMSEs of T for all three experiments fluctuated as the squall line developed. This implies that the squall line is relatively sensitive to temperature; this feature agrees with the previous sensitivity analysis results.
In order to further verify the reliability of the three ensemble forecast systems, the percentage of outliers was evaluated and compared; this is a statistic for the number of cases when the verifying analysis at any grid point lies outside the whole ensemble. The reliability of the ensemble forecast system increases as the percentage of outliers approaches 1/(n + 1), where n is the ensemble size [4] . Figure 6 shows the percentages of outliers for the values of T, U, and V for the three experiments under the 500-hPa condition. Before the occurrence of the squall line, the percentages of outliers for all three variables were within the range of 60-70%. However, as the squall line developed, the percentage exhibited a downward trend, decreasing by approximately 10% at the end of the forecast; these results indicate that all three of these ensemble forecast systems have a certain degree of reliability. Comparing the results of all three experiments revealed that the percentage of outliers for ET_3DR_ESA is lower than that of the other two experiments, thereby confirming that the ensemble members generated by ET_3DR_ESA can accurately represent the environmental conditions. In addition, the RMSE and percentage of outlier temperature results exhibited similar trends, suggesting that the temperature is particularly sensitive to squall line development. In order to further verify the reliability of the three ensemble forecast systems, the percentage of outliers was evaluated and compared; this is a statistic for the number of cases when the verifying analysis at any grid point lies outside the whole ensemble. The reliability of the ensemble forecast system increases as the percentage of outliers approaches 1 ( + 1) ⁄ , where n is the ensemble size [4] . Figure 6 shows the percentages of outliers for the values of T, U, and V for the three experiments under the 500-hPa condition. Before the occurrence of the squall line, the percentages of outliers for all three variables were within the range of 60-70%. However, as the squall line developed, the percentage exhibited a downward trend, decreasing by approximately 10% at the end of the forecast; these results indicate that all three of these ensemble forecast systems have a certain degree of reliability. Comparing the results of all three experiments revealed that the percentage of outliers for ET_3DR_ESA is lower than that of the other two experiments, thereby confirming that the ensemble members generated by ET_3DR_ESA can accurately represent the environmental conditions. In addition, the RMSE and percentage of outlier temperature results exhibited similar trends, suggesting that the temperature is particularly sensitive to squall line development. A reasonable and effective ensemble forecast system is necessary to obtain comprehensive information on analysis uncertainties, i.e., both larger-scale and smaller-scale information [10] . Therefore, the two-dimensional discrete cosine transform (2D-DCT) [33] method was used to perform power spectrum analysis. Figure 7 shows the 3-, 6-, 9-, and 12-h power spectrums for 850-hPa total energy as a function of the wavenumber for each of the three experiments. In the early forecast period, the power of Down is significantly less than that of the other two experiments. As the squall line developed, the scalerelated features of all three experiments become more similar, and the large-scale power significantly increased. However, ET_3DR_ESA was found to have the highest power throughout the squall line development; this indicates that ET_3DR_ESA effectively reduces the dissipation of total energy on all scales. In addition, the small-scale power results for all experiments showed good stability at 6-h post-squall line occurrence, and the large-scale power results showed an increasing trend; these results suggests that, as a squall line develops, the total energy tends to propagate to the large scale. A reasonable and effective ensemble forecast system is necessary to obtain comprehensive information on analysis uncertainties, i.e., both larger-scale and smaller-scale information [10] . Therefore, the two-dimensional discrete cosine transform (2D-DCT) [33] method was used to perform power spectrum analysis. Figure 7 shows the 3-, 6-, 9-, and 12-h power spectrums for 850-hPa total energy as a function of the wavenumber for each of the three experiments. In the early forecast period, the power of Down is significantly less than that of the other two experiments. As the squall line developed, the scale-related features of all three experiments become more similar, and the large-scale power significantly increased. However, ET_3DR_ESA was found to have the highest power throughout the squall line development; this indicates that ET_3DR_ESA effectively reduces the dissipation of total energy on all scales. In addition, the small-scale power results for all experiments showed good stability at 6-h post-squall line occurrence, and the large-scale power results showed an increasing trend; these results suggests that, as a squall line develops, the total energy tends to propagate to the large scale. 
Subjective Evaluation of the Precipitation Forecasts
Unlike temperature, which tends to mimic a Gaussian distribution, precipitation forecasts tend toward a positively skewed distribution [34] . Because a simple ensemble mean (EM) of precipitation may smooth out the peak values of precipitation, especially for extreme rainfall events [35] , Ebert [36] proposed the probability matched (PM) method. The PM mean can yield the most accurate intensity, shape, and distribution forecasts for heavy rain. It is calculated as follows:
= ( , , , , … , , )
Here, n is the ensemble size and m is the total number of grid points. The variable x contains the precipitation amounts for all ensemble members at all grid points which have been sorted in descending order. and denote the simple ensemble mean and the PM mean, respectively. In order to obtain the PM mean, a new variable with the same size of is picked out of every n values from x. Then, the simple EM at each grid point is computed and then sorted at all grid points from largest to smallest into the variable . Finally, beginning from the grid point with the largest EM value in , the largest value of is taken as the PM mean value of this grid point and put it into . All grid points are then calculated to yield the PM mean field, . It should be noted that, when the EM value of a grid point is zero, the corresponding PM mean value must also be zero in order to maintain the same PM mean and EM field structure. 
x EM = (x 1,EM , x 2,EM , . . . , x m,EM )
Here, n is the ensemble size and m is the total number of grid points. The variable x contains the precipitation amounts for all ensemble members at all grid points which have been sorted in descending order. x PM and x EM denote the simple ensemble mean and the PM mean, respectively. In order to obtain the PM mean, a new variable x CEN with the same size of x PM is picked out of every n values from x. Then, the simple EM at each grid point is computed and then sorted at all grid points from largest to smallest into the variable x EM . Finally, beginning from the grid point with the largest EM value in x EM , the largest value of x CEN is taken as the PM mean value of this grid point and put it into x PM . All grid points are then calculated to yield the PM mean field, x PM . It should be noted that, when the EM value of a grid point is zero, the corresponding PM mean value must also be zero in order to maintain the same PM mean and EM field structure.
In recent years, the PM mean has been widely implemented in SSEF [35, 37] ; the corresponding reports show that the PM mean is capable of realizing forecasts that are more accurate than those resulting from use of the traditional ensemble mean.
To verify that use of the PM mean improves forecasts related to regional precipitation and the intensity of squall line development, the EM and PM mean were used to forecast the 12-h accumulated precipitation that was observed from 0000 UTC to 1200 UTC on 12 July 2014; the results and their respective comparisons to the observed amount of precipitation are shown in Figure 8 .
There are two large precipitation regions in the observation. One was located in western Anhui, and the other, shown as a circular precipitation region, was located in southeastern Anhui.
Comparison of the EM and PM mean revealed the EM-based precipitation forecast to be significantly less than the observed amount; in general, this results in an underestimation of the amount of rainfall. Considering the diversified ability of ensemble members to forecast precipitation intensity and location, the PM mean can better capture the intensity and spatial distribution of precipitation; this is evidenced by the fact that the PM mean-based results match well with the observed result for the heavy precipitation that occurred in southeastern Anhui.
In general, the PM mean algorithm ensures that the maximum value of the PM mean at all grid points is near the maximum value of all ensemble members. Thus, the domain using the PM mean should only cover the related precipitation systems [35] . However, in this study, the PM mean achieved a satisfying level of performance under the conditions of a squall line with a relatively narrow and long precipitation band. Thus, if the PM mean is applied to forecast the amount of precipitation occurring in isolated convective systems, it will yield better performance. In recent years, the PM mean has been widely implemented in SSEF [35, 37] ; the corresponding reports show that the PM mean is capable of realizing forecasts that are more accurate than those resulting from use of the traditional ensemble mean.
There are two large precipitation regions in the observation. One was located in western Anhui, and the other, shown as a circular precipitation region, was located in southeastern Anhui. Comparison of the EM and PM mean revealed the EM-based precipitation forecast to be significantly less than the observed amount; in general, this results in an underestimation of the amount of rainfall. Considering the diversified ability of ensemble members to forecast precipitation intensity and location, the PM mean can better capture the intensity and spatial distribution of precipitation; this is evidenced by the fact that the PM mean-based results match well with the observed result for the heavy precipitation that occurred in southeastern Anhui.
In general, the PM mean algorithm ensures that the maximum value of the PM mean at all grid points is near the maximum value of all ensemble members. Thus, the domain using the PM mean should only cover the related precipitation systems [35] . However, in this study, the PM mean achieved a satisfying level of performance under the conditions of a squall line with a relatively narrow and long precipitation band. Thus, if the PM mean is applied to forecast the amount of precipitation occurring in isolated convective systems, it will yield better performance. After evaluating the performance of the PM mean, the PM mean-based 12-h accumulated precipitation forecasts for the three representative experiments were compared to the observed precipitation amount (Figure 9 ). None of the three experiments were able to accurately forecast the large precipitation region in western Anhui. The reason for this is that the region is located near the boundary of the analysis domain; it should be noted that lateral boundary perturbations were not considered for qualitative analysis. Comparison of the three experiments revealed that Down was unable to accurately forecast the heavy precipitation that occurred in southeastern Anhui, and that it overestimated the amount of precipitation in southern Jiangsu.
Conversely, the precipitation distribution forecasts from ET_3DR and ET_3DR_ESA were similar, yielding sufficiently accurate forecasts for the circular precipitation region. However, the ET_3DR_ESA forecast better matched the observed precipitation results for southeastern Anhui and southern Jiangsu. To quantify the pattern-matching improvements, the spatial correlation relative to observation has been analyzed (not shown) and the ET_3DR_ESA obtains the highest value of 0.531, overtaking that of ET_3DR (0.494) and Down (0.476). Therefore, ET_3DR_ESA tended to yield forecasts that were more accurate than the other two experiments, and was thus able to moderately improve the performance of precipitation forecasts. After evaluating the performance of the PM mean, the PM mean-based 12-h accumulated precipitation forecasts for the three representative experiments were compared to the observed precipitation amount (Figure 9 ). None of the three experiments were able to accurately forecast the large precipitation region in western Anhui. The reason for this is that the region is located near the boundary of the analysis domain; it should be noted that lateral boundary perturbations were not considered for qualitative analysis. Comparison of the three experiments revealed that Down was unable to accurately forecast the heavy precipitation that occurred in southeastern Anhui, and that it overestimated the amount of precipitation in southern Jiangsu.
Conversely, the precipitation distribution forecasts from ET_3DR and ET_3DR_ESA were similar, yielding sufficiently accurate forecasts for the circular precipitation region. However, the ET_3DR_ESA forecast better matched the observed precipitation results for southeastern Anhui and southern Jiangsu. To quantify the pattern-matching improvements, the spatial correlation relative to observation has been analyzed (not shown) and the ET_3DR_ESA obtains the highest value of 0.531, overtaking that of ET_3DR (0.494) and Down (0.476). Therefore, ET_3DR_ESA tended to yield forecasts that were more accurate than the other two experiments, and was thus able to moderately improve the performance of precipitation forecasts. 
Quantitative Evaluation of the Precipitation Forecasts
In this subsection, precipitation forecasts are evaluated by using several objective methods to verify the performances of the three representative ensemble forecast systems. The relative operating characteristic (ROC) test [38] is a commonly used method to measure the forecast performance for precipitation; when the ROC curve is closer to the Y axis, the precipitation forecast is more accurate. Figure 10 shows the three ROC curves for 12-h accumulated precipitation and varying rain intensity. As can be seen, the ROC curves for the three experiments are consistently above the diagonal threshold line. This means that all three ensemble forecast systems are capable of forecasting with a certain degree of reliability. As compared to the other two experiments, the ROC curves for ET_3DR_ESA are consistently closer to the Y axis; this means that this method yields more accurate precipitation forecasts. However, all three experiments realized an acceptable forecast performance level under extreme rain conditions. Considering the conditions of the squall line utilized in this study, these results are relatively satisfying. It is worth noting that a similar trend in the ROC curves was observed for all rain intensities; this is possibly due to the squall line itself having high predictability, which minimized the differences related to the location of the precipitation forecast. 
In this subsection, precipitation forecasts are evaluated by using several objective methods to verify the performances of the three representative ensemble forecast systems. The relative operating characteristic (ROC) test [38] is a commonly used method to measure the forecast performance for precipitation; when the ROC curve is closer to the Y axis, the precipitation forecast is more accurate. Figure 10 shows the three ROC curves for 12-h accumulated precipitation and varying rain intensity. As can be seen, the ROC curves for the three experiments are consistently above the diagonal threshold line. This means that all three ensemble forecast systems are capable of forecasting with a certain degree of reliability. As compared to the other two experiments, the ROC curves for ET_3DR_ESA are consistently closer to the Y axis; this means that this method yields more accurate precipitation forecasts. However, all three experiments realized an acceptable forecast performance level under extreme rain conditions. Considering the conditions of the squall line utilized in this study, these results are relatively satisfying. It is worth noting that a similar trend in the ROC curves was observed for all rain intensities; this is possibly due to the squall line itself having high predictability, which minimized the differences related to the location of the precipitation forecast. The Brier score (BS) [39] was used to measure the mean-square error between the probabilistic forecast and the actual observation, with a value of zero indicating a perfect system. It is calculated as follows:
Here, N is the ensemble size, and are forecast probability and observation probability for each gird point. For a specific threshold, if a grid point in the observation meet the threshold, then equals one. Otherwise, it is zero. Unlike the BS, the equitable threat score (ETS) [40] is a deterministic score method. Its advantage lies in the punishment of misses and false alarms. Furthermore, in contrast to the BS, a perfect system has an ETS value of one. It is calculated as follows:
Here, total is the total number of grid points. , , and denote the number of grid points of hits, misses and false alarms, respectively. The BS and ETS were employed to further verify and evaluate the precipitation forecasts by obtaining a probabilistic and deterministic score.
The ETS and BS for varying levels of 12-h accumulated precipitation are shown in Figure 11 for all three experiments. As was observed in the ROC curve results, the ETS and BS results corresponded to relatively accurate forecasts for all three experiments under the conditions of heavy and extreme rain. As can be seen in Figure 11 , ET_3DR_ESA yielded the highest ETS and lowest BS for all four rain intensities; this means that the precipitation forecast produced by ET_3DR_ESA is more reliable. Additionally, neither the BS nor the ETS of ET_3DR_ESA was significantly improved compared to The Brier score (BS) [39] was used to measure the mean-square error between the probabilistic forecast and the actual observation, with a value of zero indicating a perfect system. It is calculated as follows:
Here, N is the ensemble size, P n and O n are forecast probability and observation probability for each gird point. For a specific threshold, if a grid point in the observation meet the threshold, then O n equals one. Otherwise, it is zero.
Unlike the BS, the equitable threat score (ETS) [40] is a deterministic score method. Its advantage lies in the punishment of misses and false alarms. Furthermore, in contrast to the BS, a perfect system has an ETS value of one. It is calculated as follows:
Here, total is the total number of grid points. N A , N B , and N C denote the number of grid points of hits, misses and false alarms, respectively. The BS and ETS were employed to further verify and evaluate the precipitation forecasts by obtaining a probabilistic and deterministic score.
The ETS and BS for varying levels of 12-h accumulated precipitation are shown in Figure 11 for all three experiments. As was observed in the ROC curve results, the ETS and BS results corresponded to relatively accurate forecasts for all three experiments under the conditions of heavy and extreme rain. As can be seen in Figure 11 , ET_3DR_ESA yielded the highest ETS and lowest BS for all four rain intensities; this means that the precipitation forecast produced by ET_3DR_ESA is more reliable. Additionally, neither the BS nor the ETS of ET_3DR_ESA was significantly improved compared to that of ET_3DR; this is due to the similar distribution of the precipitation forecasts that was mentioned in Section 3.2.
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Conclusions
In order to develop ensemble generation methods for SSEF systems, three ensemble forecast experiments for a squall line that occurred in the Jianghuai region of China were carried out as based on the Down, ET_3DR, and ET_3DR_ESA methods. The features of ESA were investigated, and a quantitative evaluation of the ensemble forecasts, and subjective and quantitative evaluations of precipitation forecasts, were performed in order to evaluate the effectiveness of combining ET_3DR and ESA to produce initial perturbations in SSEF systems.
It was found that by analyzing the thermodynamic and moisture sensitivity, ESA was able to provide information about finer-scale features, while also being able to maintain a relationship with the synoptic-scale; furthermore, ESA can be used to generate initial perturbations that are in agreement with the synoptic conditions. In addition, measures such as ensemble spread, RMSE, the percentage of outliers, and the power spectrum were applied to evaluate three ensemble forecast systems. The results indicated that as the squall line developed, ET_3DR_ESA yielded the fastest spread growth, lowest RMSE, and lowest percentage of outliers, especially during the peak period of the squall line; these results suggest that, of the three ensemble forecast systems evaluated in this study, ET_3DR_ESA achieved the best performance. Moreover, the fact that ET_3DR_ESA achieved the highest power throughout the squall line process implies that ET_3DR_ESA effectively reduced the dissipation of total energy on all scales; additionally, the increasing trend of large-scale power indicates that the total energy tended to propagate to the large scale.
In addition, the PM mean method was estimated to achieve better precipitation forecast performance than the EM method. Comparing these two methods revealed that the PM mean yielded better forecasts for the precipitation intensity and distribution. Overall, comparing the three ensemble forecast systems revealed that ET_3DR_ESA was able to more accurately forecast the precipitation location and intensity of the circular precipitation region in southeastern Anhui. Additionally, to further improve the performance of precipitation forecasts, the ROC test, deterministic score ETS, and probabilistic BS were performed and used to respectively evaluate each of the three ensemble forecast systems. The results demonstrated that ET_3DR_ESA was best able to forecast the precipitation conditions for all precipitation intensities, and that all three experiments achieved relatively high forecast accuracy under the conditions of heavy and extreme rain, which is meaningful for storm-scale systems.
In this study, by using a squall line in the Jianghuai region as a reference, and by considering the features of storm-scale systems, a new ensemble generation method that combines ET_3DR and ESA was introduced for application to SSEF systems. The applicability of an ET_3DR_ESA-based storm-scale ensemble forecast was discussed in detail. The results showed that although ET_3DR is 
In this study, by using a squall line in the Jianghuai region as a reference, and by considering the features of storm-scale systems, a new ensemble generation method that combines ET_3DR and ESA was introduced for application to SSEF systems. The applicability of an ET_3DR_ESA-based storm-scale ensemble forecast was discussed in detail. The results showed that although ET_3DR is capable of achieving relatively good performance, perturbations controlled by ESA were able to improve the reliability of the ensemble forecast system.
Bednarczyk et al. [21] showed that ESA provided a measure of forecast sensitivity that intrinsically possessed error growth dynamics. Li et al. [41] focused on the short-range Numerical Weather Prediction of warm-season mesoscale systems over south-west China with the ESA method, and found that the ESA method helped to improve the movement and intensity forecast of Southwest Vortex. Therefore, ET_3DR_ESA may also be effective for another event. However, further work needs to concentrate on the relationship between the error growth features of ET_3DR_ESA and severe convective systems with varying predictability and features. In addition, because lateral boundary perturbations help improve ensemble spread [42] , the introduction of lateral boundary perturbations, and how to improve their compatibility with initial perturbations, will also be further investigated.
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